The confluence of microfluidic and sequencing technologies has enabled profiling of the 1 transcriptome 1, 2 , epigenome 3 , and chromatin conformation of single cells 4 at an 2 unprecedented scale. Initial applications of single cell RNA-sequencing have characterized 3 cellular heterogeneity in tumors 5, 6 , tissues 7, 8 , and response to stimulation 9 . More recently, 4 droplet-based technologies have significantly increased the throughput of single cell capture 5 and library preparation 1, 10 , enabling transcriptome sequencing of thousands of cells from one 6 microfluidic reaction. 7
While improvements in biochemistry 11, 12 and microfluidics 13, 14 continue to increase the 8 number of cells that can be sequenced per sample, for many applications (e.g. differential 9
expression and genetic studies), sequencing thousands of cells each from many individuals 10 would better capture interindividual variability than sequencing more cells from a few 11 individuals. However, in standard workflows, running a separate microfluidic reaction for each 12 sample remains cost prohibitive 15 . Multiplexing could significantly reduce the per sample cost 13 by allowing cells from several individuals to be processed simultaneously, and reduce the per 14 cell cost by allowing higher flow rates due to the ability to detect and exclude doublets that 15 contain cells from two different individuals. Further, sample multiplexing limits the technical 16 variability associated with sample and library preparation, improving statistical power to 17 accurately estimate true biological effects 16 . 18 We present a simple experimental design and computational algorithm, demuxlet, to 19 multiplex samples in dscRNA-seq without additional experimental modification (Fig. 1A) . While 20 strategies to demultiplex cells from different species 1, 10, 17 or host and graft samples 17 have 21 been reported, no method is available for simultaneous demultiplexing and doublet detection 22 of cells from > 2 individuals. Inspired by models and algorithms developed for contamination 23 detection in DNA sequencing data 18 , demuxlet is fast, accurate, scalable and works with 24 standard input formats 17, 19, 20 . 25
At the heart of our strategy is a statistical model for predicting the probability of 26 observing a consistent 'genetic barcode', a set of single nucleotide polymorphisms (SNPs), in 27 the RNA-seq reads of a single cell and the genotypes (from SNP genotyping, imputation or DNA 28 sequencing) of donor samples. The model accounts for the base quality score of the RNA-29 sequencing reads as previously described 18 and genotype uncertainties at unobserved SNPs 30 from imputation to large reference panels 21 . It then uses maximum likelihood to determine the 31 most likely sample identity for each cell using a mixture model. A small number of reads 32 overlapping common SNPs is sufficient to accurately identify the sample of origin. For a pool of 33 8 samples, 4 SNPs can uniquely assign a cell to the donor of origin (Fig. 1B) , and 20 SNPs each 34 with minor allele frequency (MAF) of 50% can distinguish every sample with 98% probability. 35
The mixture model in demuxlet also uses genetic information to identify doublets 36 containing two cells from different individuals, which comprise most droplets containing 37 multiple cells. By multiplexing even a small number of samples, a doublet will have a high 38 probability (1 -1/N, e.g. 87.5% for N = 8 samples) of containing cells from two individuals which 39
Sample demultiplexing enables individual-specific visualization of single cell data we call 66 'drop prints'. While both variability in cell type proportion and gene expression have been 67 previously observed in PBMCs, it has not been possible to fully control for batch effects due to 68 separate processing of samples 22, 23 . Singlets identified by demuxlet in all three wells cluster 69 into known PBMC subpopulations (Fig. 2D) (Fig. 2E and fig. S3 ), and the 76 inferred cell type-specific expression profiles are correlated with bulk sequencing of sorted cell 77 populations (R=0.76-0.92) ( fig. S4 ). These results demonstrate that demuxlet recovers the 78 sample identity of single cells with high accuracy, identifies doublets at the expected rate, and 79 can allow for comparison of individuals within and across wells. 80
Demuxlet enables multiplexed experimental designs that increase the sample 81 throughput for profiling of interindividual responses across a variety of conditions. We applied 82 such a multiplexing strategy to characterize cell type-specific responses to IFN-β, a potent 83 cytokine that induces genome-scale changes in the transcriptional profiles of immune cells 24, 25 . 84
From 8 lupus patients, 1M PBMCs each were isolated, sequentially pooled, and divided in two 85 aliquots. One sample was activated with recombinant IFN-β for 6 hours, a time point we 86 previously found to maximize the expression of interferon-sensitive genes (ISGs) in dendriticcells (DCs) and T cells 26, 27 . A matched control sample was also cultured for 6 hours. (Fig. 2C and fig. S6 ). 97
Demultiplexing individuals enables the use of the 8 samples within a pool as biological 98
replicates to quantitatively assess cell type-specific responses to IFN-β stimulation. Consistent 99 with previous reports from bulk RNA-sequencing data, IFN-β stimulation induces widespread 100 transcriptomic changes observed as a shift in the t-SNE projections of singlets (Fig. 3A) 24 . After 101 assigning each singlet to a reference cell population 17 , we identified 2,686 differentially 102 expressed genes (logFC > 2, FDR < 0.05) in at least one cell type in response to IFN-β stimulation 103 (table S1). These genes cluster into modules of cell type-specific responses enriched for distinct 104 gene regulatory processes (Fig. 3B, table S2 ). For example, the two clusters of upregulated 105 genes, pan-leukocyte (Cluster III: 401 genes, logFC > 2, FDR < 0.05) and CD14 + specific (Cluster I: 106 767 genes, logFC > 2, FDR < 0.05), were enriched for general antiviral response (e.g. KEGG 107
Influenza A: Cluster III P < 1.6x10 -5 ), chemokine signaling (Cluster I P < 7.6x10 -3 ) and genes 108 implicated in SLE (Cluster I P < 4.4x10 -3 ). The five clusters of downregulated genes wereenriched for antibacterial response (KEGG Legionellosis: Cluster II monocyte down P < 5.5x10 -3 ) 110 and natural killer cell mediated toxicity (Cluster IV NK/Th cell down: P < 3.6x10
-2 ). The 111 differential expression using cell type-specific estimates from single cell data recovers known 112 gene regulatory programs affected by interferon stimulation. 113
We next characterize interindividual variability in PBMC expression at baseline and in 114 response to IFN-β stimulation. In both control and stimulated cells, the variance of mean 115 expression among individuals is substantially higher than expected from synthetic replicates 116 ( replicates from the same individual (>99%) was greater than between different individuals 126 (~97%), indicating variation beyond sampling (Fig. 3E) schlafen family member 5 (SLFN5) and guanylate binding protein 3 (GBP3) expression are highly 135 correlated between replicates after IFN-β stimulation (R=0.92, P < 0.0011 and 0.80, P < 0.017). 136
The average expression of the two synthetic replicates are associated with known eQTLs in 137
CD14
+ monocytes and lymphoblastoid cell lines, respectively (SLFN5: rs11080327 P < 3.1x10 -4 , 138 GBP3: rs10493821 P < 2.1x10 -2 , Fig. 3G ) 26, 29 . These results suggest that single cell sequencing 139 recovers repeatable interindividual variation in gene expression and in two genes, is associated 140 with known genetic determinants. 141
We introduce demuxlet, a new computational method that enables simple and efficient 142 sample multiplexing for dscRNA-seq, validate its performance in simulated and real data, and 143 characterize single cell expression of PBMCs from SLE patients in several different conditions. 144
Our results demonstrate demuxlet provides reliable estimation of cell type proportion across 145 individuals, recovers cell type-specific transcriptional programs from mixed populations 146 consistent with previous reports, and identifies genes with interindividual variability 24 . The 147 capability to demultiplex and identify doublets using natural genetic variation significantly 148 reduces the per-sample and per-cell cost of single-cell RNA-sequencing, does not require 149 synthetic barcodes or split-pool strategies [30] [31] [32] [33] [34] , and captures biological variability among 150 individual samples while limiting the effects of unwanted technical variability. 151
The application of single cell sequencing methods such as dscRNA-seq to larger numbers 152 of individuals is a promising approach to characterizing cellular heterogeneity amongindividuals at baseline and in different environmental conditions, a crucial area for further 154 understanding of health and disease [35] [36] [37] . Experimental and computational methods for reliable 155 and efficient sample multiplexing could enable broad adoption of droplet-based RNA-seq for 156 population-scale studies, facilitating genetic and longitudinal analyses in relevant cell types and 157 conditions across a range of sampled individuals 38 . 158 (1) can be represented as the following mixture distribution 18 , 215
To reduce the computational cost, we consider discrete values of α ∈ {α Y , ⋯ , α e }, (e.g. 217 5 -50% by 5%). We determine that it is a doublet between samples Y , < if and only if 218
≥ and the most likely mixing proportion is estimated to be 219 argmax o " Y , < , . We determine that the cell contains only a single individual s if 220
The less confident droplets, we classify cells as ambiguous. While we 221 consider only doublets for estimating doublet rates, we remove all doublets and ambiguous 222 droplets to conservatively estimate singlets. Figure S1 illustrates the distribution of singlet, 223 doublet likelihoods and the decision boundaries when t = 2 was used. 
